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Abstract

Achieving global climate and biodiversity targets and ensuring future food security will require
halting agriculture-driven deforestation. Accurate data on the commodities driving deforestation
across time and space is crucial for informing policy development, implementation and evaluation.
However, such information is currently hampered by limited and heterogeneous data availability (in
both comprehensiveness and scope), computational challenges, and lack of updates to the existing
databases, that diminish their accuracy and relevance over time. To tackle these challenges, we
introduce the Deforestation Driver and Carbon Emission (DeDuCE) model, a framework that merges
remotely sensed datasets with comprehensive agricultural statistics to enhance the quantification of
agriculture and forestry-driven deforestation globally. Developed using Google Earth Engine and
Python, DeDuCE is designed to integrate new and emerging datasets, ensuring the model remains
efficient and relevant despite increasing data volumes. This approach also ensures adherence to
FAIR data principles, emphasising replicability, adaptability and utility. DeDuCE reports over 9,100
unique country-commodity deforestation footprints across 176 countries and 184 commodities from
2001-2022, surpassing existing databases in scope and detail. The insights from DeDuCE are crucial
for governments, companies, and financial institutions aiming to undertake deforestation and
emissions accounting, risk assessments, and sustainability evaluations of investments.


mailto:chandrakant.singh@chalmers.se
mailto:martin.persson@chalmers.se

28
29
30
31
32
33
34
35
36
37
38

39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56

57
58
59
60
61
62
63
64
65
66
67
68
69
70

71

72

73
74
75
76

This paper is a non-peer reviewed preprint submitted to EarthArXiv.

Deforestation — the conversion of natural forests to make use of that land area for other
activities — is a phenomenon of growing concern and far-reaching impacts®. The latest FAQ’s global
forest resource assessment report suggests that over the past three decades, the world has lost
forests equivalent to the size of India?, with significant resulting impacts on climate change,
biodiversity, and livelihoods**. When natural forests are cleared, they are often replaced by
agricultural lands or forest plantations, which often lack the biodiversity and carbon storage capacity
of the original forests. As a result, agriculture-driven deforestation is estimated to be the largest
driver of biodiversity loss on land®, constituting just under a tenth of total anthropogenic carbon
emissions®, and around a fifth of global food system greenhouse gas emissions’. The loss of these
vital ecosystem services bears profound and enduring impacts on society, affecting the sustainability
of our living environments and future food security.

At least 90% of global deforestation is driven by agriculture- and forestry-activities'®, a fact
primarily explained by the escalating demands of a growing and increasingly affluent global
population®. This increasing demand is not limited to products like cattle meat, vegetable oils, cocoa,
coffee, and timber®’; but also staple commodities such as rice, maize and cassava are being sourced
from deforested lands®. Despite efforts to accurately quantify the impact of agricultural commodity
production on deforestation and associated carbon emissions, uncertainties remain large, partly due
to limitations in existing datasets®. While spatial datasets are available for some forest-risk
commodities, they are often limited geographically and do not provide a comprehensive global view.
Conversely, national and sub-national agricultural censuses offer comprehensive coverage of
commodity production, but lack the spatial detail required for accurate deforestation attribution.
Studies combining spatial and agricultural statistics are typically aggregated to national or sub-
national scales!!. Thus, efforts to link deforestation with agricultural and forestry-induced expansion
at the pan-tropical or global scale are rare®. Among them, the majority rely primarily on statistical
methods!?, and only a minority have utilised remotely sensed data to identify deforestation
drivers'®®3, This limited use of remotely sensed data at a global scale can be attributed to
computational challenges in processing these datasets. Consequently, such studies often lack
ongoing updates or refinements post-publication and tend to aggregate data over lengthy periods,
limiting their accuracy and relevance over time.

An accurate understanding of deforestation dynamics — across time and space — is vital for
shaping effective conservation policies and devising mitigation strategies for halting global forest
loss. Policymakers, conservationists, and other relevant organisations — not the least corporate and
finance actors — often lack reliable data to identify leverage points for interventions. A key example
is the European Union’s Deforestation Regulation (EUDR)'. Adopted in 2023, EUDR mandates
companies to conduct due diligence in reporting deforestation-risk commodities (i.e., commodities
that lead to deforestation) within their supply chains. This regulation necessitates the assessment of
commodity-driven deforestation to combat deforestation and promote sustainable practices within
European supply chains. With accurate data, stakeholders can make informed decisions that balance
the need for food production with the imperative to preserve our remaining forest ecosystems and
maintain a habitable climate. To assist with this, we introduce the Deforestation Driver and Carbon
Emission (DeDuCE) model, a framework that melds the spatio-temporal precision of remote sensing
and comprehensiveness of agricultural census data to track forest loss and link them with agriculture
and forestry-induced deforestation globally.

1. Main text
1.1 State-of-the-art of the model

The DeDuCE model provides yearly estimates accounting the role of agriculture and forestry
commodities in driving deforestation and associated carbon emissions. It delivers 9,106 unique
deforestation carbon footprint estimations — encompassing 176 countries and 184 commodities
(Supplementary Table 1 and 2) — between the period 2001 to 2022. It does so in the following way
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(Fig. 1): The model overlays global spatio-temporal data of forest loss™® with datasets on the extent
of specific crops (e.g., soybeans®®, oil palm'’, cocoa®®, rubber?®), land-uses (e.g., croplands?, forest
plantations?* and pastures??), dominant deforestation drivers?, and state of forest management?.
Using a procedure that prioritises data with higher resolution — spatially, temporally, or in terms of
deforestation driver specificity — the model identifies where deforestation is occurring (excluding
forest losses in existing plantations or managed forests) and attributes this either directly to a
specific commodity (e.g., soybeans), a specific land-use (e.g., cropland) or a mix of land-uses (e.g.,
mosaic of cropland and pastures) (Fig. 1). In the latter cases, where deforestation is spatially
attributed to broad land-uses, the model uses agricultural and forestry census data (primarily at the
national level>%), to identify the commodities most likely to drive forest loss in a two-step statistical
land-balance approach'?: first, deforestation is attributed either to cropland, pastures or forest
plantations based on their relative expansion; second, cropland deforestation is further attributed to
different crop commodities based on their relative expansion in harvested area, while pasture
deforestation is attributed to cattle meat and leather products and deforestation due to forest
plantations to forestry products. Finally, we estimate the carbon losses due deforestation —
accounting for carbon stored in above- and below-ground biomass, dead wood, litter and soils — by
overlaying the spatial identification of deforestation drivers with data on forest?® and soil?” carbon
stocks (Fig. 1). Net carbon emissions are then calculated by accounting for the carbon sequestered in
the replacing land use. Furthermore, peatland emissions are determined by overlaying the identified
deforestation drivers with the global extent of peatlands, followed by applying emission factors that
are contingent on different land use and forest biomes.

We have done an extensive literature review to incorporate the latest datasets pertaining to
land use and land-use change (LULUC), capturing the extent of deforestation across various
commodities and land uses. As a result, the DeDuCE model provides deforestation footprints of
agricultural and forestry commodities with an accuracy that greatly exceeds those in existing life
cycle inventory (LCl) databases (e.g., Ecoinvent®®), which are solely based on agricultural statistics
(sometimes of limited quality) and default carbon emission factors, and thus do not account for the
wealth of available remote sensing data. Further, the DeDuCE model includes emissions from
peatland drainage on deforested land, a substantial contributor to agricultural land-use emissions.?®
Finally, the model aims to account for key land-use change dynamics — such as land competition
between cropland, pasture and other land-uses, as well as cropland and pasture degradation and
abandonment — important for the causal attribution of deforestation to agricultural commodity
production, but poorly captured in existing LCI databases. In doing so, the model aims to identify the
direct (or proximate) drivers of deforestation (i.e., the commodities that are produced on the
deforested land), what in corporate greenhouse gas accounting guidances®%3! is referred to as direct
land-use change (dLUC). However, where commodity-specific spatial data is unavailable, the results
from the statistical modelling reflect what these frameworks call statistical land-use change (sLUC),
and should be interpreted as a measure of deforestation risk.

The DeDuCE model’s versatility allows for the inclusion of diverse datasets, varying in spatial-
temporal resolution and format (such as pixel and vector datasets). It is designed to be distinctively
forward-looking, having the capacity to integrate emerging datasets, ensuring its relevance and
adaptability in the future. The model's flexibility also allows for adjusting parameters, such as tree
cover density for forest classification, lag periods between forest clearing and establishment of
agricultural land systems, the handling of specific land uses and mixed-use mosaics; and control over
attribution and amortisation period. Moreover, through quality assessment, we further strengthen
the reliability of our deforestation attribution estimates, ensuring a comprehensive and nuanced
understanding of agricultural-driven deforestation trends, and highlighting regions and commodities
where further improvements are necessary to improve model estimates. Taken together, this
enhances the model’s utility as a tool for not only understanding, but supporting global sustainability
and conservation efforts.
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The DeDuCE model leverages the computational capabilities of Google Earth Engine (GEE),
enabling the processing of terabytes of high-resolution spatial data,

personal computers using conventional geographic information

the broader community.

Data aggregation and pre-processing
f 1

a task that is challenging on
system (GIS) software. The
utilisation of GEE's vast processing capabilities, combined with Python’s open-source programming
for statistical calculations, aligns with FAIR data policies, promoting accessibility and transparency.
By adopting these technologies and principles, we aim not only to ensure data integrity and
replicability, but also to foster community engagement, inviting researchers and stakeholders to
contribute, enhance, and broaden the model's scope, ultimately making it a valuable resource for
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Fig. 1 | Framework for the Deforestation Driver and Carbon Emission (DeDuCE) model.

framework consists of three key components: deforestation attribution (spatial and statistical),
carbon emission calculation, and flagging. In the first step, we utilise remote sensing and (sub-)
national agricultural statistics to determine what portion of the total annual tree cover loss is
attributable to specific commodities. From this, we next calculate carbon emissions linked to
commodity-driven deforestation, incorporating emissions (including emissions from peatland
drainage on deforested lands). Finally, we evaluate the reliability of our deforestation estimates by
assessing the quality of the input data used in our analysis. A detailed description on the datasets

used in this model is provided in Supplementary Table 3.
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Fig. 2 | Assessing deforestation from global tree cover loss estimates. (a) The nested circles provide
an insight into agriculture and forestry-driven deforestation derived from global tree cover loss
estimates (refers to loss of tree canopy within a 30-m pixel globally between 2001-2022%; tree cover
density > 25%). Forest loss, which includes deforestation and forest degradation, captures the loss of
natural forests by excluding loss on managed or degraded lands established before the year 2000
(e.g., rotational clearing on forest plantations or loss of sparse growth on degraded land systems).
Within this, losses due to forest fires are indicated with hatch patterns. Additionally, the scope of
agriculture and forestry-driven deforestation extends to include the instances where deforestation is
directly linked to the production of commodities, and where it occurs independently of such
production. The latter scenario is examined by evaluating the extent of agriculture and forestry-
driven deforestation in land-use attribution (in Fig. 1) that cannot be linked to any specific
commodity in commodity attribution in DeDuCE’s land balance approach. Possible mechanisms
where deforestation does not lead to the production of commodities are explored in ref.8. The size
of the circles in the diagram is proportional to their respective shares in the total area of tree cover
loss. To offer a comparative insight into deforestation dynamics across different biomes, in this
figure, we have also separated our analysis for (b) tropical and (c) non-tropical countries. The design
of the figure is inspired by ref.8,

1.2 Key insights from application of the model

The results from DeDuCE reveal that of the 471 million hectares (Mha) of global tree cover
loss observed from 2001 to 2022, only 28% is driven by expanding croplands, pastures, and forest
plantations for commodity production (Fig. 2a). However, the share of these productive commodity-
driven deforestation exhibits stark contrasts between tropical and non-tropical regions: 45% of the
tree cover loss in tropical countries is attributed to expanding agricultural land and forest
plantations, compared to just 10% in non-tropical counties (Fig. 2b,c). Compared to prior
assessments of tropical forest loss?, DeDUCE presents a lower overall estimate of agriculture and
forestry-driven deforestation, yet it shows marginally higher figures for deforestation leading to
production (Fig. 2b). This suggests that DeDuUCE's incorporation of spatial datasets more accurately
reflects deforestation resulting from land-use expansion in natural forests and rotational clearing in
managed forests.

Interestingly, our analysis indicates that 6% of global forest loss that is attributed to
agriculture and forestry-driven deforestation did not result in any identifiable production (Fig. 2a),
with the figures standing at 12% for tropical and 2% for non-tropical countries (Fig. 2b,c). These
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relatively large discrepancies in tropical countries are often linked to challenges in land tenure clarity
and disputes®. For instance, anticipation of future agricultural returns, planned infrastructural
developments, uncertain future forest conservation legislations and availability of large expanses of
undesignated public lands, often lead to speculative clearing®3® that can fail to evolve into
productive agricultural or forestry ventures.

Our analysis also suggests an uneven distribution of both deforestation and the resulting
carbon emissions across regions and commaodities (Fig. 3): South America leads both in deforestation
and carbon emission, with Southeast Asia and Africa also showing major contributions. Additionally,
Southeast Aisa is also responsible for nearly 85% of global peatland drainage emissions. Together,
these three regions account for roughly 84% of global deforestation due to expanding agriculture
and forest plantations, and 93% of the carbon emissions linked to these activities. Still, two countries
outside the tropics — China and the United States — closely trail the top three countries globally —
Brazil, Indonesia, and the Democratic Republic of Congo (DR Congo) — in terms of deforestation area
(though not in carbon emissions; Fig. 3a). In terms of specific commodity groups, deforestation
primarily driven by pasture expansion represents about 40% of total deforestation and 46% of the
carbon emissions (Figure 3b). The cultivation of oilseeds and oleaginous fruits, especially oil palm
and soybeans, accounts for 17% of deforestation and 11% of carbon emissions. Other major
contributors to deforestation include forest plantations, contributing to 14% of deforestation and 2%
of carbon emissions, and cereals, responsible for 10% of deforestation and 12% of carbon emissions.

Coffee

DR Congo
a X~ Cote d'lvoire b
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Fig. 3 | Global overview of deforestation and carbon emissions (2001-2022). This figure displays
agriculture and forestry-driven deforestation and corresponding carbon emissions globally,
categorised by (a) geographical regions and (b) commodity groups. In the concentric rings, the outer
ring depicts the proportional deforestation by area, while the inner ring shows carbon emissions.
Emissions from peatland drainage are presented separately. Central insets mention total
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deforestation (in ha) and carbon emissions (in MtCO;), with selected major deforestation
contributors and commodities accentuated along the periphery of the concentric circles.

Investigating the link between specific country-commodity pairs and deforestation
(Supplementary Fig. 1-3), we find that in South America, the expansion of pastures for cattle meat
production primarily influences the region's deforestation. However, in Paraguay, pasture
expansions are linked to the growing demand for leather in the automotive industry®*, resulting in a
surge in cattle ranching areas (Fig. 4 and Supplementary Fig. 3). Additionally, the cultivation of soya
beans — closely linked to the livestock sector as feed for cattle and indirectly related dairy and egg
production® — also leads to notable deforestation across the continent, and is considered to be an
important indirect driver of deforestation through expansion into pastures'®®, particularly in Brazil,
Paraguay, Bolivia and Argentina®®.

In recent years, Brazil has witnessed a resurgence in deforestation rates (Fig. 4), driven by
the relaxation of environmental regulations by local governments, particularly those allowing
expansion into protected and indigenous territories, and the weakening of deforestation prevention
law enforcement®. Similarly, Bolivia has seen increasing agriculture-driven deforestation in recent
years by offering public lands at reduced prices to settlers (or smallholder farmers), lowering taxes
on agricultural products and equipment, and granting amnesty for illegal deforestation?° (Fig. 4
and Supplementary Fig. 3). These policies have motivated increased deforestation, illegal logging,
the avoidance of restoring illegally deforested lands and encouraged land grabbing, thus accelerating
the establishment of large-scale commercial agriculture and therefore deforestation in the region¥.

Oil palm and rubber plantations in Southeast Asia, particularly in Indonesia, Malaysia and
Thailand, represent a major chunk of global deforestation (Fig. 3, Supplementary Fig. 2 and 3). The
cultivation of oil palm stands out for its lucrative profit margins due to high yields, a surging global
demand for vegetable oils®, coupled with regional governments’ efforts to boost production,
significantly accelerating deforestation!’. Furthermore, these plantations are frequently established
on drained peatlands (Fig. 3b), leading to additional carbon emissions. Conversely, the deforestation
linked to rubber cultivation is fuelled by its extensive use in the tyre industry, among other diverse
industrial applications®. Interestingly, the deforestation rates for these commodities have shown
sensitivity to global market trends, with noticeable declines during the early 2010s following a crash
in the prices of oil palm and rubber”®® (Fig. 4). Moreover, there are instances where landholders
show a preference for rubber over oil palm plantations in areas designated for oil palm
concessions*®, particularly due to market liberalisation and the attractive prices and potentially
increasing demand for rubber®. This may explain why deforestation rates linked to rubber
cultivation do not exhibit the same level of volatility as those associated with oil palm (Fig. 4).

Cocoa and coffee, key cash crops integrated into the global diet, have contributed to rising
deforestation rates, particularly in tropical nations like Cote d’lvoire, Ghana, Indonesia, and Brazil
(Fig. 3b, Supplementary Fig. 2 and 3). Despite their traditional cultivation being symbiotic with forest
ecosystems?®*2, the surge in worldwide demand for these commodities has led to more intensive
farming practices, driving deforestation*® (Fig. 4). In addition to tropical cash crops, forest
plantations play a substantial role in global deforestation (Fig. 3b). Most notably, in the United States
and China, deforestation patterns due to forest plantations are on par with major commodity-
country pairs (Supplementary Fig. 2 and 3), directly tied to the surging demand for timber and pulp
driven by construction booms in these countries*.

Our analysis also reveals that staple crops — specifically maize, cassava and rice — are
significant drivers of deforestation (Fig. 3b, 4, Supplementary Fig. 2 and 3), exceeding cocoa and
coffee in terms of both deforestation area and emissions. Despite their substantial role in global
deforestation, these staple commodities often receive less attention, exemplified by their omission
from the European Union Deforestation Regulation (EUDR)*. However, tracking deforestation linked
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to these staples is crucial, as their cultivation is expected to grow, propelled by the need to satisfy
the dietary requirements of a burgeoning global population and the ensuing market demands®.
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Fig. 4 | Temporal trends of deforestation and carbon emissions. This plot illustrates the relative
changes in deforestation and carbon emission across different geographical regions (first two rows)
and commodity groups (last three rows) over the period between 2005-2021. Thick lines denote
group aggregates, while thin lines trace the select country- or commodity-level changes. The
selected countries and commodities have their amortised deforestation > 0.5% of total amortised
deforestation globally and non-overlapping temporal trends from their respective groups. For this
trend analysis, we use the amortised results to minimise inter-annual variability and visualise clear
temporal trends — showcasing relative change to the baseline year 2005.
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1.3 Comparison and quality assessment

Comparing DeDuCE’s estimates with existing datasets, we observe nearly similar trends, albeit
with some variations in their overall magnitude (Fig. 5). DeDuUCE reports higher deforestation
estimates due to its extensive coverage of countries and commodities, surpassing previous studies
that were limited to either tropical deforestation® or a select group of major deforestation
commodities’ (Fig. 5a,b). An instance where our deforestation estimates are lower than ref. 13 (Fig.
5a), the difference is likely due to them considering rotational clearing as deforestation. This could
inflate deforestation estimates by 20-35% (Fig. 2). A similar pattern is observed while comparing our
carbon emissions estimates with ref.*® (Fig. 5b). This is mainly because their methodology also does
not distinguish between rotational clearing and deforestation, nor does it factor in potential carbon
sequestration resulting from land-use changes (i.e., land use replacing forest).

When examining the comparative trends between EUDR and staple commodities (Fig. 5c-l),
we observed that our deforestation estimates for cocoa, rubber and forest plantations vary from
those in previous studies®!® (Fig 5e,f). Despite these discrepancies, we contend that employing
spatial datasets to attribute these commodities'®!%2?! to deforestation should yield more accurate
estimates than those relying solely on agricultural and forestry statistics®.

Assessing the quality of our model’s deforestation estimates unveils intriguing insights (Fig.
6). Notably, nearly 20% of the total deforestation estimates are derived from spatial attribution
using commodity-specific remotely sensed datasets, earning the highest quality score (Fig. 6a).
Conversely, the subsequent 30-35% of the attribution combines spatial assessments broad land-use
expansions leading to deforestation with agricultural statistics, integrating both spatial and statistical
attribution methods. The remaining 50-55% is derived by blending probable estimates of major
drivers with agricultural statistics, mainly through statistical deforestation attribution (Fig. 6a).
Within these statistical attributions, sub-national agricultural statistics receive the highest scores,
followed by national official and then imputed values, with the lowest scores given to estimates gap-
filled by our study. High-quality scores are particularly notable in South America and Southeast Asia
(Fig. 6b,c), and for commodities like oil palm, soya beans, rubber, and cocoa, due to better spatial
data availability (Fig. 6d,e). This analysis not only affirms the accuracy of attribution estimates but
also points out data gaps for other key deforestation-risk commodities worldwide (e.g., maize in the
DR Congo or cocoa in Indonesia; Supplementary Fig. 3).
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5 | Comparing different commodity-driven deforestation estimates. Here, we present a
comprehensive comparison between our (a) deforestation and (b) associated carbon emission
estimates (excluding peatland emissions) with those from established literature sources. The
comparison is facilitated using estimates from Pendrill et al.®, Goldman et al.?°, Hoang et al.’3, Feng
et al.* (only including commodity-driven deforestation), Hansen et al.'® (tree cover > 25%), Global
Forest Watch?®’ (tree cover > 25%) and FAQ’s global forest resource assessment report (FAO-FRA)2.
Furthermore, the figure delves into the comparison of deforestation estimates for (c-i) commodities
under the European Union Deforestation Regulation (EUDR) framework and (j-I) major staple
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Fig. 6 | Evaluating the quality of commodity-driven deforestation estimates. (a) The ranked line
plot visualises the quality index score of deforestation estimates for different country-commodity
pairs, arranged from the lowest quality index score (on the left) to the highest (on the right). The
insets (in a) provide insights into the data types and their level of explicitness, which contribute to
the respective quality index rankings. (b,d) A similar analysis is replicated for distinct geographical
regions and commodity groups. (c,e) Violin plots depict the weighted mean quality scores across
these regions and groups, with their width representing the number of countries or commodities at
respective quality indexes. The colour scheme for geographical regions (in b,c) and commodity
groups (in d,e) is the same as in Fig. 3.

1.4 Future improvements to the model

The DeDuCE model — leveraging remote sensing and agricultural statistics — marks a leap
forward in deforestation attribution and assessment of carbon emissions for agricultural and forestry
commodities. Its effectiveness, however, depends on the quality and availability of data. Thus, as
better and more granular data becomes available for regions with poor spatio-temporal
representation, the precision of our model will also improve.

Our prediction about the future potential of the DeDuCE model is anchored in the
burgeoning field of remote sensing technology. With satellite datasets achieving higher resolutions
and the integration of sophisticated statistical methods, including machine learning and temporal
trend analysis techniques, the model’s data sources are set to become more robust. This will enable
enhanced detection of inter- and multi-cropping patterns, more accurate phenological mapping of
both temporary and perennial crops, more precise differentiation between managed and natural
forests, and better synchronisation of deforestation events with productive agricultural activities.
However, such enhancements are limited by the need for extensive field data for model training,
particularly outside well-studied regions. In such cases, integrating sub-national agricultural statistics
can further refine the model’s estimates, providing a more nuanced understanding of how
agricultural trends contribute to deforestation. Furthermore, EUDR and similar policies may provide
essential data for model validation and refinement.

For carbon emissions, future work will focus on improving estimates of soil organic carbon
(SOC) losses and the plant carbon stocks of replacing commodities, by incorporating more detailed
geographic and commodity-specific data.

These improvements will not only refine our deforestation and emission estimates, but will
also expand the scientific and practical utility of our model. For instance, the results of the DeDuCE
model can facilitate a nuanced approach for governments engaged in consumption-based
deforestation and emissions accounting, enabling the formulation of policies that more accurately
reflect the environmental costs of domestic consumption. This is essential for countries committed
to fulfilling international climate commitments and adopting effective land-use strategies that
simultaneously reduce carbon emissions and foster sustainable development. Additionally,
companies aiming for deforestation-free supply chains can pinpoint their region of operations that
might be causing environmental harm, allowing them to adopt more sustainable practices
proactively. Based on this, the DeDuCE model can serve as a conduit between data and actionable
insights for a broad spectrum of stakeholders, each playing a crucial role in the collective effort to
combat deforestation and its global implications.
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2. Methods

The DeDuCE model leverages a comprehensive array of spatial and agricultural census data
to accurately quantify deforestation and the associated carbon emissions from agricultural and
forestry activities. The model framework involves three primary steps (Fig. 1): (i) Deforestation
attribution, categorised into spatial and statistical attribution, pinpoints the locations (wherever
possible) and extent of forest loss attributable to agriculture and forestry commodities. By
superimposing multiple datasets on forest loss pixels, each with varying degrees of scope and detail,
we aim to capture the most comprehensive information possible regarding the drivers of forest loss.
(ii) Carbon emission calculation assesses the carbon emissions generated from deforestation linked
to agriculture and forestry commodities, including additional emissions from deforestation in
peatlands (through peatland drainage). (iii) Quality assessment or flagging scrutinises the reliability
of our deforestation estimates by examining the quality of the input data and its incorporation into
the model (Fig. 1). The model generates annual deforestation and carbon emission estimates, along
with a quality index for each country-commodity pairing at national level (and sub-national level for
Brazil), adhering to the administrative boundaries defined by the Database of Global Administrative
Areas (GADM) version 4.1%, Detailed information on the datasets used in this model is presented in
Supplementary Table 3.

2.1 Deforestation attribution

To assess the contribution of agricultural and forestry activities to annual deforestation, we
overlay different land-use products that demarcate cropland?’, forest plantation? and pasture
extents??, crop commodity such as soybeans!® and cocoa®®, and drivers of forest loss like fire* and
shifting agriculture?, on an annual tree cover loss dataset spanning from 2001 to 2022 (Fig. 1).
Spatial attribution directly utilises a wealth of remote sensing data to allocate tree cover loss to
either specific commaodities (e.g., soybeans or oil palms), specific land-uses (e.g., croplands, pastures,
forest plantations, or mixed land-use mosaics), or broad deforestation drivers (e.g., commodity-
driven deforestation or forestry activities), depending on the availability of spatial data (Fig. 1).
Where the proximate cause of deforestation is not attributable to a single commodity via spatial
analysis, we employ statistical attribution using FAOSTAT’s and Forest Resource Assessment (FRA)
annual land use and commodity production statistics*?*® to attribute deforestation to specific
commodities (Fig. 1).

2.1.1 Spatial attribution

In this step, we commence by evaluating annual tree cover loss using the global forest
change dataset® as a foundational layer (Fig. 1). This dataset defines tree cover based on the
presence of woody vegetation exceeding 5m in height within each 30m pixel. Recognising that not
all woody vegetation constitutes natural forest, we adopt a tree cover density threshold of 225% per
pixel to delineate forested areas, a standard threshold adapted from previous studies'?>°>2, Pixels
meeting this threshold are classified as forest, while those falling below are considered non-forest
and are not included in subsequent forest loss assessments. It's important to note that while we
initially apply this 225% tree cover density threshold, our DeDuUCE model is designed with the
flexibility to adjust this threshold as needed to suit varying definitions of forest cover.

We then overlay the forest loss layer with a diverse set of spatial datasets to gain insights
into (i) whether a given pixel of forest loss constitutes deforestation and (ii) what was the proximate
cause of that deforestation. To ensure a coherent integration of this data, we employ a hierarchical
attribution based on a scoring system that evaluates each dataset’s relevance based on spatial
coverage, temporal frequency, and the specificity of deforestation driver and causation (i.e.,
explicitness) (Supplementary Table 4). Further particulars of this scoring system are delineated in the
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'Quality assessment' subsection below, but for each forest loss pixel, we prioritise the most detailed
information on the direct cause of forest loss. This means that we prioritise spatial data on specific
agricultural commodities, then broader land use categories, and finally general or dominant forest
loss drivers. Whenever datasets overlap in content (similar land use or commodity), those with
higher spatio-temporal resolution take precedence. Furthermore, our model refrains from
attributing forest loss to spatial data beyond the most recent year of available information, ensuring
that our analysis reflects the latest land use status. This approach ensures that once a pixel’s forest
loss is accounted for, it is no longer considered in the further attribution process.

We process temporally explicit datasets, like MapBiomas and Soybeans, which offer yearly
spatial extent from 2000 to 2022, differently from those that are temporally aggregated. Temporally
explicit datasets facilitate direct attribution of deforestation to particular land-uses or commodities.
We process them by applying a four-year moving window (i.e., a maximum three-year delay) from
the year of detected forest loss. This window helps compensate for any delays between the
observed forest loss and the actual conversion of that deforested land to an agricultural land use.
For instance, if a pixel shows forest loss in 2001 and is later identified as cropland in 2003 by
MapBiomas, we attribute that forest loss to cropland. In cases where multiple land-use changes
occur within the window, we prioritise the assignment in the order of forest plantations, woody
perennial crops, pastures, herbaceous perennial and temporary crops (thus prioritising land-uses
with higher rotation period over lower>*>%),

Conversely, datasets that aggregate data over time pose challenges in pinpointing the
immediate cause of deforestation, as they may not capture sequential land-use changes. Taking the
cocoa plantations dataset as an example!®, which consolidates satellite data from 2018 to 2021 into
a single reference year, we may risk misidentifying the deforestation driver if land use has varied
within the intervening years. In such cases, if there is an overlap of cocoa plantation areas with
forest loss pixels from 2003 and no intervening land use data present between 2003-2017, it is
challenging to ascertain whether cocoa cultivation is a direct or indirect deforestation driver. Here,
we follow a simplistic approach by aligning these temporally aggregated datasets with the year of
forest loss when spatial overlap occurs (i.e., simply assuming that the land use that is eventually
identified represents the proximate cause of deforestation). However, the attribution of forest loss
does not extend beyond the year of detection.

Next, we filter out the loss of managed forests (i.e., both planted and plantation forests; see
definition at ref.2) from our deforestation attribution, focusing solely on the loss of natural forests.
Since the global forest change dataset!® does not differentiate between natural and managed
forests, recognising any woody vegetation over 5m in height in a pixel as forested land, the signal
from forest loss contains both removal of tree stands in natural forests (i.e., deforestation) and
managed forests (due to logging and rotation harvesting in already established timber or oil palm
plantation regions). To refine our analysis to only include deforestation, we exclude changes in tree
cover associated with the management activities of planted and plantation forests established
before 2001.

For datasets with annual updates, such as MapBiomas?? and oil palm extent in Indonesia®’,
which document land use since 2000 or earlier, we can readily discern whether land-use changes
occur in natural or managed forests. For those without such temporal land-use detail, we employ a
forest plantation mask based on Du et al.?* and Lesiv et al.?* to identify and exclude managed forests
(Supplementary Fig. 5). Du et al.?! use the Spatial Database of Planted Trees (SDPT version 1.0%) —
which is stated to cover nearly 82% of plantation forests globally — and time-series of Landsat
satellite data (from 1982-2020) to detect when these plantations in a pixel were established.
Conversely, Lesiv et al.** offer a global perspective on managed forests using more recent satellite
imagery (2014-2016) and expert classification.
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When pixels corresponding to forest plantations or tree crops (e.g., oil palm, coconut, and
cocoa), those lacking a land-use record for the year 2000, intersect with the forest plantation mask
(Supplementary Fig. 5), we consider these pixels to have been established pre-2001 and exclude
them from our deforestation attribution analysis. We give precedence to Du et al.? plantation mask
due to its comprehensive temporal coverage, which allows us to distinguish between natural and
manged forest cover changes before and after the year 2000. In regions without coverage from Du
et al.?, such as Canada and Russia, we defer to Lesiv et al.?* plantation mask. The latter case,
however, may lead to conservative estimates of deforestation where plantation expansion occurred
between 2001-2016 (since Lesiv et al.?* is defined using remote sensing data from 2014-16), but the
impact on our overall results is deemed minimal given the breadth of the SDPT database®. This
masking is selectively applied to forest plantations and tree crops commaodities; temporary crop and
pasture commodities, typically non-woody and less likely to replace forest plantations, are not
subjected to this masking.

In the final step of the spatial attribution, we address forest loss resulting from fires, a
natural process crucial for ecological equilibrium, particularly in boreal regions. We systematically
remove fire-related forest loss from our deforestation attribution, using spatio-temporal data® that
identifies such events. Additionally, for regions not captured by the commodity and land-use
datasets listed in Supplementary Table 3, we employ a global dataset by Curtis et al.Z that identifies
the dominant drivers of forest loss (supplemented with the global forest plantation mask to
segregate natural forest loss from the loss over managed forests post the year 2000; Supplementary
Fig. 5). All preprocessing methodologies applied to these spatial datasets are detailed in
Supplementary Table 5.

The result of the spatial attribution is a dataset that summarises at the (sub-)national level,
the amount of deforestation attributed to specific commodities and land-uses (croplands, pastures,
or forest plantations), as well as mosaics of multiple land-use and deforestation drivers (Fig. 1). The
entire process of spatial deforestation attribution, involving the analysis of terabytes of spatial data,
is conducted utilising Google Earth Engine.

2.1.2 Statistical attribution

Despite spatial attribution, considerable deforestation remains unclassified to specific
commodities. This occurs for three main reasons: (i) when we have specific land-use information
indicating the cause of deforestation is either a cropland, pasture or forest plantation; (ii) the
presence of land-use mosaics, specifically the MapBiomas?? dataset, which identifies pixels as a
cropland and pasture mosaic when the algorithm cannot distinctly separate the two, or the Curtis et
al.® dataset, which determines the primary driver of forest loss aggregated over a 22-year period; or
(iii) instances where forest loss is not linked to any specific commodity or land-use by the existing
spatial datasets (Supplementary Table 3). To address the ambiguity in the latter two cases and
attribute forest loss to a specific commaodity, we follow a two-step statistical land-balance approach
(adapted from ref.12).

In this two-step statistical attribution (Supplementary Fig. 6), we first attribute deforestation
(from the latter two cases) to either cropland ( FL ), pasture ( FL ), or forest plantations

(FL

extent of land-use expansion in these indeterminate areas of deforestation (referred to as ‘statistical
land-use attribution’ in Fig. 1). Building on these land-use expansions, we further attribute cropland
deforestation to various crop commodities according to their respective increases in harvested area
(again using FAOSTAT?; referred to as ‘statistical commodity attribution’ in Fig. 1 and Supplementary
Fig. 6). Similarly, deforestation from pasture expansion is linked to cattle meat and leather products.

CL,statistical ,t

). This method utilises annual land use data from FAOSTAT? and FRA? to inform on the

PP, statistical ,t

FP,statistical ,t
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We directly attribute deforestation resulting from forest plantations to forestry products due to the
absence of detailed forestry-commaodity information.

We start the first step of this statistical attribution by estimating the expansion of croplands
(CLE), permanent pastures (PPE), and forest plantations (FPE) over a three-year time lag following
the observed year of forest loss (t), such that lag = min {3, 2022 — t} (Eq. 1-3; Supplementary Fig. 6).
The duration of this lag period is set to three years, reflecting empirical data on the typical interval
between the initial forest clearing and the subsequent establishment of agricultural land for
production®®°7, This time-lagged approach is integral to synchronising the observed changes in land
cover with the likely temporal dynamics of land-use development.

t+lag t+lag
(CLr+/ag - CLr)+ Z Crop lOSSz (PP —PP) Z Grass lOSS[
CLE, = max : -GPL,,0}; GPL, =max<min g ) ¢ ,0 (1)
lag lag lag
t+lag
(PPHMg - PR) + z Grassloss,

PPE, = max : .0 (2)

lag

FP,, —FP

FPE, = max{i”mg ! ,O} (3)

lag

Here CL; PP; FP: quantify the extent of croplands, permanent pastures, and forest
plantations for a given year t, respectively. The land-use extent data for croplands and permanent
pastures are sourced from FAOSTAT® (Eq. 1-2), while information on forest plantations is obtained
from the FRA? (Eq. 3). Our analysis is focused on gross land-use change; hence, we enhance the net
expansion figures from FAOSTAT and FRA with estimates of crop and pasture loss. These losses are
computed using methodologies from Li et al.>®, which utilise a time series of the ESA CCl land cover
dataset® (2000-2020; gap-filling by averaging the estimates for the last two years) to track changes
in crop and grass areas (i.e., proxy for pasture loss area).

Acknowledging the frequent expansions of croplands over pastures, as evidenced by remote
sensing studies®, we adjust our cropland expansion (CLE:) calculations by deducting the gross
pasture loss (GPL:) (Eq. 1). This reflects the tendency for croplands to expand initially into pasture
areas before encroaching on forested lands. This displaces cattle ranching into forest frontiers due to
cropland expansion?, leading us to correlate pasture expansion directly with forest loss (Eq. 2). In
contrast, for forest plantations, we account only for the net change, as data on gross plantation loss
is not available. Consequently, the expansion of forest plantations is directly linked to forest loss (Eq.
3).

When faced with multi-land-use mosaics (specifically for MapBiomas??, Curtis et al.®
dominant driver dataset, and unclassified forest loss) that blend croplands, pastures, or forest
plantations without clear demarcation, we distribute the area of forest loss within these mosaics
(FLmosaic) in proportion to the extent of each land use relative to the total observed expansion of land
use (Eq. 4-6; Supplementary Fig. 6). This means that the mosaic of cropland, pasture, and forest
plantation is divided among them based on their respective contributions to overall land use
expansion (i.e., the sum of CLE;, PPE; and FPE;) (Eg. 4-6). In scenarios where the mosaic is solely
composed of cropland and pasture (presently only MapBiomas??), we allocate the area between
these two categories proportionately, with the combined extent of CLE; and PPE; — informing the
total area used for this allocation.

CLE, or min {max {CLE, —FL

CLE
CL,statistical ,t — F Lmosmm x
(cerainy CLE, + PPE, + FPE,

O}, FLype, ’
tciiny  CLE, + PPE, + FPE,

(4)

FL

CL,spatial 1 >
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FLPP statistical t — FLmosawt x PPEr or min max{PPE, - FLPP spatial 170} > FLumsmc . X PPEr
el toaet " CLE, + PPE, + FPE, wpatal. oty CLE, + PPE, + FPE,
(5)
x FPE, or  min{max{FPE, — FLy, ,...,-0}. FL,, x FPE,
CLE, + PPE, + FPE, pasal, toety  CLE, + PPE, + FPE,

(6)

In this framework, mosaics are also divided into 'certain' and 'uncertain' categories. 'Certain’
mosaics are those where the dataset confidently identifies the type of land use within the mosaics.
For instance, MapBiomas?? mosaics are certain that the mosaic land use is either a cropland or
pasture. Conversely, 'uncertain' mosaics, specifically those from the Curtis et al.2® dataset, suggest
probable land uses solely based on the predominant cause of forest loss over space and time, which
may not always accurately reflect direct drivers of forest loss (since aggregated in a 10-km pixel over
the full time period). This also encompasses unclassified forest loss as well, given that the driver of
such forest loss cannot be associated with a specific land use. We impose a limit for these
ambiguous cases (i.e., uncertain mosaics) (Eq. 4-6). This constrains the categorisation of forest loss
to whichever is smaller: the expansion of land-use categories minus the spatially attributed forest
loss or the forest loss proportionally assessed based on relative land-use expansions — to avoid
overestimating forest loss due to agriculture.

Additionally, despite using a forest plantation mask, certain areas might inaccurately identify
themselves as forest loss within natural forest, when in reality, they represent rotational clearing.
This misclassification is particularly prevalent when forest loss pixels coincide with areas identified

by Curtis et al.?® as forestry-driven deforestation (FLfgresn}‘,spafial,z ), stemming from challenges in

differentiating between natural and managed forest losses. This issue is especially notable in
countries like Sweden, Canada, and Russia, where extensively managed forest areas are not
categorised as plantation forests according to FAQ’s definitions. To counter potential overestimation
of deforestation driven by forestry activities, our methodology enforces a cap on the statistical

accounting of forest loss attributed to forest plantations (FLFP,stalislicaZ,r ). This cap ensures that the

reported forest loss does not surpass the forest plantation expansion estimates provided by the FRA
(i.e., FPE; Eq. 7).

' lf FL_/bres[ry,spmial,r > 0 and
FLFP,ymti.\\ziml,z FPE < FL + FL‘
t = FP,spatial ,t FP,statistical ,t
FLpp suatisicat,e =
if FL, . >0and
. ' forestry ,spatial ,t
mm{F PE, = FLyp pusiar 15 FL orestry spatiar.c T F LFF,.fmti.vtiaal,r} FPE > FL +FL
t FP,spatial ,t FP,statistical ,t

(7)

It should be noted that FAOSTAT provides land-use data up to the year 2021, which allows us to
compute land-use expansion until 2020 (Eq. 4-6). To gap-fill for expansions in 2021 and 2022, we
average the land use expansion from the preceding three years (i.e., 2018-2020) and then adjust it
proportionally to the forest loss to estimates of 2021 and 2022 (Eq. 8).
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. =1 =1 FL . =1 =1 FL
CLE, =miny 3 CLE, 3 CLE,x——— PPE,=min{ 3" PPE,, Y PPE,x———
i=1-3 i=1-3 i=1-3 i=1-3
FLg,, Z FLpp,;
i=t-3 i=t-3

1 -1
FPE,, )" FPE, x L

(-1
FL

i=t=3

=
FPE, = min

i=t=3 i=t=3
FP,i

In addition, due to FAO's methodology of consolidating land use statistics, certain countries
that have undergone political changes are treated as single units for our analysis. For instance,
Sudan and South Sudan’s data are merged and presented under the unified label of 'Sudan'.
Similarly, Serbia and Montenegro are too combined for our land use calculations, and the results are
reported under 'Serbia'. This approach ensures consistency with the FAQO's data aggregation
practices and enables a coherent analysis of land use trends over time in our modelling framework.

In the second-step of statistical attribution (Supplementary Fig. 6), we allocate total forest
loss induced by cropland expansion (FL.,, which is the sum of deforestation attributed to

CL,t?

croplands spatially and statistically) to various crop commodities (FL,, where i refers to

Jstatistical ,i,t 7

individual commodities). After excluding forest loss due to commodities already accounted for
spatially (D FLe, .. )the statistical land-use attribution step (Eq. 9) allocates cropland

deforestation proportionally to the expansion of each crop commodity ( CLE,, ) relative to the total

expansion at the country level ().CLE,, ). We use FAOSTAT’s country scale 'crops and livestock

products' statistics (CL;:) to estimate these expansions®, maintaining the methodology and lag used
previously (Eq. 10). The only exception is Brazil, where we use municipality-level (i.e., second-level
administrative boundary) data from the Brazilian Institute of Geography and Statistics (IBGE)®.
Notably, IBGE also estimates harvested areas for certain crops — specifically maize, groundnuts,
potatoes, and beans — that are planted multiple times annually. To prevent double or triple counting
of the deforestation attributable to these crops, we only use their first harvested area estimates
rather than the total cumulative harvested area over the year. We note that currently, our focus is
limited to Brazil due to the poor quality of sub-national statistics in other countries. However, we
anticipate incorporating these statistics in the future, as higher-quality data becomes available.

If FAOSTAT or IBGE’s total crop expansion (ZCLE,.‘, ) exceeds the forest loss attributed to

cropland ( FL., ,; Eq. 1), we use the lower value between the two (Eq. 9). Additionally, any surplus (

FL ) is apportioned among commodities based on their annual harvested areas, preserving

CL,surplus,t

proportionality and reflecting possible land-use changes (Eq. 11-12).

CLE.
FLe, saisicaiv = (max {min {FLCL,)‘ > z CLEi,r} - ZFLCL,s,mtiat,i,t ’O}J x = + FLCL,S,,,W,,,_\,,,-., (9)
' ' [Z CLE,, -3’ CLENJ
i J
'L —-CL
CLE,, :maX{M,O} (10)
’ lag

FLC/_,.vurp/u.v.r =FL,,— (max{min{FLa'r, ZCLEM} - ZFLCL,.vpazm/,i,;:0}j - ZFLCI,,.vpnual,l,I if' FL, ,> ZCLE“,

J J

(11)
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FL FL L, (12)
CL,surplus,i, = CL,surplus, X -

P ¢ plus,t ZCLU
Here, > FL. .., is the sum of all spatially attributed forest loss commodities. Since we

prioritise deforestation estimated through remote sensing data over agricultural statistics, spatially
attributed commodities with a score greater than 0.85 are excluded from statistical attribution. This
threshold indicates a high confidence in the data reflecting the true extent of deforestation by that
commodity, such as soybeans in South America and oil palm in Indonesia (scores for all datasets are
mentioned in Supplementary Table 4, with the scoring methodology outlined in the 'Quality
assessment' section). To compensate for this exclusion, we adjust the total crop commodity
expansion by deducting Y CLE, (i.e., the sum of harvested areas of commodities scoring above 0.85
J
or FL

CL,spatial it

>CLE,,) from ZCLEZ.,, (Eq. 10). Additionally, as FAOSTAT provides harvest area data up

to 2021, enabling commodity-driven expansions calculation up to 2020, we apply a similar
methodology as before gap-fill for the year 2021 and 2022 (Eq. 4-6).

We would also like to highlight that the year 2022 deforestation estimates for Brazil present
a suboptimal case of gap-filling (Eq. 8), resulting in an unrealistic surge in crop commodity-driven
deforestation (Supplementary Fig. 7). This surge is largely due to the spatial attribution approach,
primarily led by the use of Curtis et al.2 dominant driver of forest loss data for year 2022, diverging
from the MapBiomas?*led attribution in earlier years, resulting in a higher deforested land-use
allocation to croplands and pastures (under combined allocation to commodity-driven deforestation
class in Curtis et al.%; Fig. 1 and Supplementary Fig. 7a). The inconsistency is further exacerbated for
crop commodities due to the integration of agricultural statistics at varying administrative levels.
Specifically, while IBGE offers commodity production data at the subnational level (used for
commodity expansion calculation in Eq. 9), it lacks corresponding land-use (cropland, pasture, and
forest plantations) statistics at the subnational level (for assessing statistical land-use attribution; Fig.
1). Consequently, we have to rely on FAOSTAT’s national-level land-use statistics to estimate CLEq2;
and deforestation attributed to croplands ( FL, ... ) @t sub-national level (Eq. 1 and 4), which

inflates crop commodity-driven deforestation estimates, but underestimates pasture-driven
deforestation, as it does not capture sub-national cropland and pasture dynamics (Supplementary
Fig. 7b). This discrepancy will be addressed when the year 2022 data for MapBiomas becomes
available. Therefore, we recommend exercising caution when interpreting these gap-filled estimates
for Brazil for the year 2022. In such instances, utilising the amortised deforestation estimates is
advisable, as detailed later in this subsection.

In the case of forest loss due to pastures ( FL,., ), we attribute these losses to just two

PPt
commodities: cattle meat and leather at 95% and 5% of the total deforested area, respectively,
based on an economic allocation logic®. Although some studies have utilised weighted cattle density
data to minimise the inclusion of pastures used for other grazing livestock (e.g., sheep and goats)™°,
significant uncertainties remain. For instance, for some countries, the impact on pastoral
communities could be considerable, however, the traditional land use and grazing patterns of these
communities may diverge from what is detectable through satellite imagery or fit within formal land-
use classifications. Moreover, the variability in cattle density over time poses a challenge, and
therefore, is difficult to capture with datasets aggregated temporally, which might lead to under- or
over-estimation of cattle meat-driven deforestation. As a result, we adopted an approach grounded
in economic-allocation logic to attribute commodities to pastures®.

Forest loss attributed to forest plantations ( FL,,, ) is categorised as ‘Forest plantation

FP,t
(Unclassified)’, unless the specific species of the plantations can be spatially attributed using the
global plantation dataset?. In these cases, where the species information is available, the forest
plantation is referred to as ‘Forest plantation (species name)’.
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Besides providing annual (i.e., unamortised) deforestation estimates for country-commodity
pairing, we also present amortised deforestation estimates. In environmental impact assessments,
particularly regarding deforestation for agricultural purposes, it's crucial to consider not just the
immediate impact of forest loss, but also the extended effects of this transformation®. The
‘amortisation’ period conceptually spreads the consequences of deforestation across multiple years
to account for the enduring productivity of the land. Hence, when we attribute deforestation to
agricultural and forestry commodities, we distribute this attribution evenly over a 5-year
amortisation period (similar to a 5-year moving average). This method acknowledges that once the
land is cleared, it continues to yield crops annually, and thus, the initial deforestation’s footprint is
prorated over a period that reflects the ongoing impact of land-use change. This amortisation aligns
the temporal scale of deforestation’s impact with the timeframe of agricultural production, offering
a more nuanced understanding of the long-term ecological footprint of crop cultivation and
forestry®%93,

2.2 Carbon emissions

To calculate carbon emissions, excluding those from peatland drainage, we assess changes in
carbon stocks due to forest loss. Our analysis concentrates on five key stocks: aboveground biomass
(AGB), belowground biomass (BGB), dead wood, litter and soil organic carbon (SOC) (Fig. 1). Notably,
belowground biomass and soil organic carbon losses are typically delayed responses to aboveground
disturbances®. However, for the purpose of our analysis, these losses are treated as if they are an
inevitable consequence of the deforestation, often referred to as ‘one-off’ or ‘committed’ losses.
Essentially, it implies that once a region is deforested, the belowground carbon and associated SOC
is also considered lost, even though it might happen slowly over time.

AGB per pixel (in Mg px?) is derived from the aboveground live biomass density data for year
2000 at 30-m resolution?, Based on this AGB, BGB is spatially estimated using a root-to-shoot ratio
(i.e., BGB/AGB ratio) from ref.%* across various biomes® (Supplementary Table 6). Dead wood and
litter biomass densities are also spatially calculated as proportions of AGB, informed by biome-
specific lookup tables that factor in elevation and precipitation (lookup table in ref.?®). These
biomass densities are converted to carbon densities (i.e., MgC px?!) using a standard biomass-to-
carbon conversion ratio of 0.47 for forest ecosystems, as recommended by the IPCC®®.

We commence by calculating the committed carbon emissions from AGB, BGB, dead wood,
and litter. For spatially attributed commodities (FL ), carbon emissions are calculated by

CL,spatial i t
overlaying forest loss pixels onto the corresponding total carbon stock maps. For statistically
attributed commodities ( FL, ), emissions are apportioned based on their proportion to the

CL,statistical ,i,t

total forest loss associated with that commodity’s land-use ( FL carbon emissions are also

CL,statistical ,t ’
partitioned and aggregated using the same logic as commodity attribution). Hence, if maize's
statistically attributed forest loss accounts for 50% of all forest loss from croplands, maize would also
bear 50% of the total (statistical) carbon emissions attributed to (statistical) cropland expansions.

Soil organic carbon (SOC) stock data is obtained from the SoilGrids2.0 dataset?’, which
provides SOC stocks at varying depths at 250-m resolution (in MgC ha™). For our purposes, we
consider SOC within the top 100cm of soil, the layer most affected by land-use changes, and upscale
this data to a 30-m resolution (estimates expressed in MgC px?). In light of limited data on SOC
losses over deforested regions, we adopt an alternative approach informed by meta-analyses —
which indicates that converting natural forests to either a cropland, pasture or forest plantation will
typically result in decreased SOC stocks. Consequently, we represent the emission from SOC loss as a
fraction of the existing SOC stocks for different replacing land use and biome of deforestation
(Supplementary Table 7). These emissions from SOC losses are then added to the carbon emissions
calculated from AGB, BGB, deadwood and litter, culminating in a comprehensive carbon emission
estimate (Eq. 13).
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From the emissions outlined above, we deduct the committed carbon sequestration
potential of the replacing commaodity (e.g., carbon stored as vegetation biomass if the replacing land
use is maize or forest plantation) (Eq. 13). This deduction is informed by a meta-analysis of plant
carbon stocks across commodities (in MgC ha?), and categorised into 40 commodities across 11
commodity groups (Supplementary Table 8). If a specific commodity data is absent, we associate it
with plant carbon stocks of its respective commodity group (Supplementary Table 2). The resulting
net carbon emissions are then expressed in megatonnes of CO, (MtCO,). We also amortise these
attributed carbon emissions over a 5-year period® (reason mentioned in ‘Statistical attribution’ sub-
section).

Plant carbon stocks of
replacing commodity

Net carbon

emissions = AGB +BGB + Deadwood + Litter + SOC loss —

(13)

2.2.1 Peatland drainage emissions

To align with the deforestation attribution analysis, our model concentrates on carbon
emissions from deforestation occurring on peatlands post-2000, deliberately excluding continuous
emissions from established agricultural peatlands or those deforested earlier. By superimposing a
high-resolution global peatland map (a composite map prepared from multiple sources at 30-m
resolution; see ref.®’) onto identified forest loss, we isolate peatland deforestation linked to specific
commodities and land-uses post-2000 (Fig. 1). In the presence of spatial commodity data,
overlapping peatland deforestation is directly attributed to the corresponding commodity. In their
absence, however, we evenly allocate deforested peatland areas among all identified commodities
expansions within a country (similar to forest loss categorisation and commodity attribution).

Assessing emissions from peatland drainage is difficult due to uncertainties in peat
subsidence, which can vary with local conditions and management practices. This variability,
alongside the inherent challenges in measuring peatland emissions due to the dynamic nature of
peat decomposition and water table fluctuations, complicates the accuracy of such estimates. Thus,
to assess emissions from peatland drainage, we use emission factors reported by published
literature (often represented in MgCO, ha! yr?'). These factors are informed by subsidence
observations and standardised rates of peat oxidation, providing a scientifically grounded approach
to these emission factor calculations®®,

Based in previous meta-analyses of peatland emission factors®®7° (Supplementary Table 9),

we have stratified emission factors by land use expansions (such as peatland drainage due to
cropland, pasture or forest plantation expansions; or oil palm expansions specifically) and
deforestation biome (i.e., tropical, temperate and boreal), which allows us to apply these factors to
specific drainage conditions for different biomes. We multiply these emission factors with peatland
drainage area (result expressed in MgCO; yr?). Unlike committed emissions, these peatland drainage
emissions continue to accumulate, year on year, from the initial deforestation event until the
conclusion of our study period. For instance, if a hectare of peatland is cleared and drained for oil
palm in 2010 incurs annual emissions of 54.41 MgCO, every year, this yearly emission persists
through to the year 2022, irrespective of subsequent deforestation activities in the interim period.

2.3 Quality assessment

Our methodology, which integrates multiple datasets including spatial extent and
agricultural census data, allows us to assess the quality of our deforestation attribution for each
country-commodity pairing (Fig. 1). We achieve this by breaking down attributed forest loss (FL;¢) for
an individual country-commaodity pairing (commaodity i for year t) into contributions from each data
source that led to its aggregation (FL;;:, where j represents individual data sources), and by factoring
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in the source-specific overall accuracy of the dataset (OA)). We recognise that dataset accuracies are
relative — while a spatial dataset for cropland and soya beans may both exhibit over 90% accuracy,
their precision in pinpointing soya bean cultivation (or deforestation) varies. To standardise quality
assessment across datasets, we apply a scoring metric (Score;) that equalises evaluation criteria
(Supplementary Table 4), thereby ensuring consistent quality measures specific to the attribution of
each commodity (Eq. 14).

n

Z(FL,J. x0A, x Score, )t

Quality Index,, =+ o (14)

it

Our scoring metric (Scorej) hinges on three pivotal (and equally weighted) criteria assessing
each dataset’s spatial and temporal granularity and explicitness. Spatially, a maximum score (of ‘1’)
is assigned to datasets with a resolution finer than or equal to 10-m, tailored to individual countries.
Temporally, annual datasets from 2001-2022 for herbaceous crops, and comprehensive data from
2000 or earlier for tree crops and forest plantations, receive the top score. For tree crops and forest
plantations, data from the year 2000 or earlier allows us to distinguish post-2000 deforestation from
rotational clearing, thus removing the need for plantation mask. For explicitness, datasets mapping a
singular commodity, validated by field data, are scored highest. Fluctuating from these conditions,
the score of the dataset is penalised. The detailed scoring criteria are mentioned in Supplementary
Table 10.

Moreover, as not all commodities are directly attributed through remote sensing datasets
but rather inferred statistically by merging remote sensing data with national or subnational
agricultural statistics, there arises a need to reflect the reliability of these agricultural statistics in our
analysis. To address this, we have refined our scoring metric (Score)) to include data flags from
FAOSTAT (Supplementary Table 11), offering a nuanced view of data quality, especially in cases of
statistical attribution. In the DeDuCE model’s two-step land-balance approach, Flaginduse and
Flagproducion assess the reliability of land-use and commodity expansion data, respectively. We
compute the final scoring metric (Score;) by taking the average of these two flags and then
integrating it with the score of the remote sensing dataset (Score;’) (Supplementary Table 4; Eq. 15).
It is important to note that the IBGE dataset for Brazil does not provide flags for commodity
production (FIagproduction). Thus, we assign a default value of ‘1’, reflecting the official figure flag as
IBGE directly reports the data.

(15)

SCOrej — Score‘/ x ( F/aglanduse + Flagproduction j

2
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Data availability: The unamortised and amortised deforestation and carbon emission estimates generated by
the DeDuCE model are available on Zenodo: https://doi.org/10.5281/zenodo.10674962. All the datasets used
in this study are documented in Supplementary Table 3. The insights from the DeDuCE model can be viewed
at: https://www.deforestationfootprint.earth.

Code availability: The Google Earth Engine and Python code for running the DeDuCE model, and those
needed to replicate the analysis presented in this study are available at GitHub:
https://github.com/chandrakant6492/DeDuCE.
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Supplementary Fig. 1 | Identifying the major drivers of deforestation and associated carbon emissions.
(a,c) Bar plots feature dominant contributors of deforestation and their associated emissions across different
geographical regions and commodity groups. (b,d) Scatter plots delineate the correlation and spread
between deforestation area (ha) and carbon emissions (MtCO2). Here, 'pasture' includes both 'cattle meat'
and 'leather' production, while 'forest plantations' aggregate deforestation from all forestry commodities.
The colour scheme for geographical regions (in a,b) and commodity groups (in b,d) is the same as in Fig. 3.
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Supplementary Fig. 2 | Geographical overview of commodity-driven deforestation. Similar to Fig. 3b in the
main text, this figure shows agriculture and forestry-driven deforestation and corresponding carbon
emissions across but here broken down by different geographical regions. In the concentric rings, the outer
ring depicts the proportion of deforestation by area, while the inner ring shows carbon emissions, including

peatland emissions, with selected major deforestation commodities accentuated along the periphery of the
concentric circles.
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balance model). The figure is adapted from ref.3.
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attribution (as highlighted in Fig. 1). The colour scheme (in a) is the same as Fig. 2. (b) The stack plot shows
temporal trends of commodity groups. The colour scheme (in b) is the same as Fig. 3. Curtis et al.* refer to
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Supplementary Tables

Supplementary Table 1 | Countries and their respective geographical regions reported in this study. Note
that the table below excludes countries that either experienced no deforestation or lacked FAOSTAT
agricultural statistics for the period from 2001 to 2021.

Sr. No. Producer country Geographical region
1 | Algeria Africa
2 | Angola Africa
3 | Benin Africa
4 | Botswana Africa
5 | Burkina Faso Africa
6 | Burundi Africa
7 | Cabo Verde Africa
8 | Cameroon Africa
9 | Central African Republic Africa

10 | Chad Africa
11 | Comoros Africa
12 | Céte d'lvoire Africa
13 | Democratic Republic of the Congo Africa
14 | Egypt Africa
15 | Equatorial Guinea Africa
16 | Eritrea Africa
17 | Ethiopia Africa
18 | Gabon Africa
19 | Gambia Africa
20 | Ghana Africa
21 | Guinea Africa
22 | Guinea-Bissau Africa
23 | Kenya Africa
24 | Lesotho Africa
25 | Liberia Africa
26 | Libya Africa
27 | Madagascar Africa
28 | Malawi Africa
29 | Mali Africa
30 | Mauritania Africa
31 | Mauritius Africa
32 | Morocco Africa
33 | Mozambique Africa
34 | Namibia Africa
35 | Niger Africa
36 | Nigeria Africa
37 | Republic of the Congo Africa
38 | Rwanda Africa
39 | Senegal Africa
40 | Seychelles Africa
41 | Sierra Leone Africa
42 | Somalia Africa
43 | South Africa Africa
44 | Sudan Africa
(includes both Sudan and South Sudan)
45 | Swaziland Africa
46 | Sdo Tomé and Principe Africa
47 | Tanzania Africa
48 | Togo Africa




49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81

82
83
84
85
86
87
88
89
90
91
92
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101
102
103
104
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Tunisia

Uganda

Zambia
Zimbabwe
Albania

Austria

Belarus
Belgium

Bosnia and Herzegovina
Bulgaria

Croatia

Czechia
Denmark
Estonia

Finland

France
Germany
Greece
Hungary
Ireland

Italy

Latvia

Lithuania
Luxembourg
Malta

Moldova
Netherlands
North Macedonia
Norway

Poland

Portugal
Romania

Serbia

(includes both Serbia and Montenegro)
Slovakia
Slovenia

Spain

Sweden
Switzerland
Ukraine

United Kingdom
Antigua and Barbuda
Bahamas
Barbados

Belize

Canada

Costa Rica

Cuba

Dominica
Dominican Republic
El Salvador
Guatemala
Haiti

Honduras
Jamaica

México
Nicaragua

Africa

Africa

Africa

Africa

Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe
Europe

Europe
Europe
Europe
Europe
Europe
Europe
Europe
North and Central America
North and Central America
North and Central America
North and Central America
North and Central America
North and Central America
North and Central America
North and Central America
North and Central America
North and Central America
North and Central America
North and Central America
North and Central America
North and Central America
North and Central America
North and Central America
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Panama

Puerto Rico
Saint Kitts and Nevis
Saint Lucia

Saint Vincent and the Grenadines
United States
Australia

Fiji

Micronesia

New Caledonia
New Zealand
Papua New Guinea
Solomon Islands
Vanuatu
Argentina

Bolivia

Brazil

Chile

Colombia
Ecuador
Grenada

Guyana
Paraguay

Peru

Suriname
Trinidad and Tobago
Uruguay
Venezuela

China

(includes Hong Kong and Macao,
excludes Taiwan)
Kazakhstan
Mongolia

Russia

Brunei
Cambodia
Indonesia

Laos

Malaysia
Myanmar
Philippines
Singapore
Thailand
Timor-Leste
Vietnam
Afghanistan
Armenia
Azerbaijan
Bangladesh
Bhutan

Cyprus

Georgia

India

Iran

Iraq

Israel

Japan

North and Central America
North and Central America
North and Central America
North and Central America
North and Central America
North and Central America
Oceania

Oceania

Oceania

Oceania

Oceania

Oceania

Oceania

Oceania

South America

South America

South America

South America

South America

South America

South America

South America

South America

South America

South America

South America

South America

South America

North Asia

North Asia
North Asia
North Asia
Southeast Asia
Southeast Asia
Southeast Asia
Southeast Asia
Southeast Asia
Southeast Asia
Southeast Asia
Southeast Asia
Southeast Asia
Southeast Asia
Southeast Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia

11



160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176

This paper is a non-peer reviewed preprint submitted to EarthArXiv.

Jordan
Kyrgyzstan
Lebanon
Maldives
Nepal
North Korea
Oman
Pakistan
Palestine
South Korea
Sri Lanka
Syria
Tajikistan
Turkey
Turkmenistan
Uzbekistan
Yemen

Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia
Rest of Asia

Supplementary Table 2 | Commodities and their respective commodity groups reported in this study. Note
that while FAOSTAT tracks 171 agricultural commodities, those not contributing to deforestation are omitted
from the table below.

Sr.No. Commodity Commodity group

1 | Barley Cereals
2 | Buckwheat Cereals
3 | Canary seed Cereals
4 | Cereals n.e.c. Cereals
5 | Fonio Cereals
6 | Maize (corn) Cereals
7 | Millet Cereals
8 | Mixed grain Cereals
9 | Oats Cereals
10 | Quinoa Cereals
11 | Rice Cereals
12 | Rye Cereals
13 | Sorghum Cereals
14 | Triticale Cereals
15 | Wheat Cereals

16 | Cassava, fresh Edible roots and tubers with high starch or inulin
content

17 | Edible roots and tubers with high starch or inulin content, Edible roots and tubers with high starch or inulin
n.e.c., fresh content

18 | Potatoes Edible roots and tubers with high starch or inulin
content

19 | Sweet potatoes Edible roots and tubers with high starch or inulin
content

20 | Taro Edible roots and tubers with high starch or inulin
content

21 | Yams Edible roots and tubers with high starch or inulin
content

22 | Yautia Edible roots and tubers with high starch or inulin

12
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Abaca, manila hemp, raw
Agave fibres, raw, n.e.c.

Flax, processed but not spun
Flax, raw or retted

Jute, raw or retted

Kenaf, and other textile bast fibres, raw or retted
Natural rubber in primary forms
Other fibre crops, raw, n.e.c.
Peppermint, spearmint
Pyrethrum, dried flowers
Ramie, raw or retted

Seed cotton, unginned

Sisal, raw

True hemp, raw or retted
Unmanufactured tobacco

All forest plantation commodities
Almonds, in shell

Apples

Apricots

Areca nuts

Avocados

Bananas

Blueberries

Cashew nuts, in shell
Cashewapple

Cherries

Chestnuts, in shell

Cranberries

Currants

Dates

Figs

Gooseberries

Grapes

Guavas

Hazelnuts, in shell

Kiwi fruit

Kola nuts

Lemons and limes

Locust beans (carobs)

Mangoes

Mangoes, guavas and mangosteens
Oranges

Other berries and fruits of the genus vaccinium n.e.c.
Other citrus fruit, n.e.c.

Other fruits, n.e.c.

Other nuts (excluding wild edible nuts and groundnuts), in

shell, n.e.c.

Other pome fruits

Other stone fruits

Other tropical and subtropical fruits, n.e.c.
Other tropical fruits, n.e.c.

Papayas

Peaches and nectarines

Pears

Persimmons

Pineapples

content

Fibre crops
Fibre crops
Fibre crops
Fibre crops
Fibre crops
Fibre crops
Fibre crops
Fibre crops
Fibre crops
Fibre crops
Fibre crops
Fibre crops
Fibre crops
Fibre crops
Fibre crops

Forest plantation

Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts

Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
Fruit and nuts
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78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125

126
127
128
129
130
131
132
133
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Pistachios, in shell
Plantains and cooking bananas
Plums and sloes

Pomelos and grapefruits
Quinces

Raspberries

Sour cherries
Strawberries

Tangerines and mandarins
Tangerines, mandarins, clementines
Walnuts, in shell

Castor oil seeds

Coconuts, in shell
Groundnuts, excluding shelled
Hempseed

Jojoba seeds

Kapok fruit

Karite nuts (sheanuts)
Linseed

Melonseed

Mustard seed

Oil palm fruit

Olives

Other oil seeds, n.e.c.
Palm nuts and kernels
Poppy seed

Rape or colza seed
Safflower seed

Sesame seed

Soya beans

Sunflower seed
Tallowtree seeds

Tung nuts

Cattle meat

Leather

Bambara beans, dry
Beans, dry

Broad beans and horse beans, dry
Chick peas, dry

Cow peas, dry

Lentils, dry

Lupins

Other pulses n.e.c.

Peas, dry

Pigeon peas, dry

Pulses, n.e.c.

Vetches

Anise, badian, coriander, cumin, caraway, fennel and juniper

berries, raw
Chicory roots

Chillies and peppers, dry (Capsicum spp., Pimenta spp.), raw
Cinnamon and cinnamon-tree flowers, raw

Cloves (whole stems), raw
Cocoa beans

Coffee, green

Ginger, raw

Hop cones

Fruit and nuts

Fruit and nuts

Fruit and nuts

Fruit and nuts

Fruit and nuts

Fruit and nuts

Fruit and nuts

Fruit and nuts

Fruit and nuts

Fruit and nuts

Fruit and nuts

Qilseeds and oleaginous fruits
Oilseeds and oleaginous fruits
Oilseeds and oleaginous fruits
Oilseeds and oleaginous fruits
Oilseeds and oleaginous fruits
Qilseeds and oleaginous fruits
Qilseeds and oleaginous fruits
Qilseeds and oleaginous fruits
Qilseeds and oleaginous fruits
Oilseeds and oleaginous fruits
Oilseeds and oleaginous fruits
Oilseeds and oleaginous fruits
Qilseeds and oleaginous fruits
Qilseeds and oleaginous fruits
Qilseeds and oleaginous fruits
Qilseeds and oleaginous fruits
Oilseeds and oleaginous fruits
Oilseeds and oleaginous fruits
Oilseeds and oleaginous fruits
Qilseeds and oleaginous fruits
Qilseeds and oleaginous fruits
Qilseeds and oleaginous fruits
Pasture

Pasture

Pulses (dried leguminous vegetables)
Pulses (dried leguminous vegetables)
Pulses (dried leguminous vegetables)
Pulses (dried leguminous vegetables)
Pulses (dried leguminous vegetables)
Pulses (dried leguminous vegetables)
Pulses (dried leguminous vegetables)
Pulses (dried leguminous vegetables)
Pulses (dried leguminous vegetables)
Pulses (dried leguminous vegetables)
Pulses (dried leguminous vegetables)
Pulses (dried leguminous vegetables)
Stimulant, spice and aromatic crops

Stimulant, spice and aromatic crops
Stimulant, spice and aromatic crops
Stimulant, spice and aromatic crops
Stimulant, spice and aromatic crops
Stimulant, spice and aromatic crops
Stimulant, spice and aromatic crops
Stimulant, spice and aromatic crops
Stimulant, spice and aromatic crops
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134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152

153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
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MatA© leaves

Nutmeg, mace, cardamoms, raw

Other stimulant, spice and aromatic crops, n.e.c.
Pepper (Piper spp.), raw

Stimulant, spice and aromatic crops, n.e.c.
Tea leaves

Vanilla, raw

Other sugar crops n.e.c.

Sugar beet

Sugar cane

Artichokes

Asparagus

Broad beans and horse beans, green
Cabbages

Cantaloupes and other melons

Carrots and turnips

Cassava leaves

Cauliflowers and broccoli

Chillies and peppers, green (Capsicum spp. and Pimenta
spp.)

Cucumbers and gherkins

Eggplants (aubergines)

Green corn (maize)

Green garlic

Leeks and other alliaceous vegetables
Lettuce and chicory

Okra

Onions and shallots, dry (excluding dehydrated)
Onions and shallots, green

Other beans, green

Other vegetables, fresh n.e.c.

Peas, green

Pumpkins, squash and gourds

Spinach

String beans

Tomatoes

Watermelons

Stimulant, spice and aromatic crops
Stimulant, spice and aromatic crops
Stimulant, spice and aromatic crops
Stimulant, spice and aromatic crops
Stimulant, spice and aromatic crops
Stimulant, spice and aromatic crops
Stimulant, spice and aromatic crops
Sugar crops
Sugar crops
Sugar crops
Vegetables
Vegetables
Vegetables
Vegetables
Vegetables
Vegetables
Vegetables
Vegetables
Vegetables

Vegetables
Vegetables
Vegetables
Vegetables
Vegetables
Vegetables
Vegetables
Vegetables
Vegetables
Vegetables
Vegetables
Vegetables
Vegetables
Vegetables
Vegetables
Vegetables
Vegetables
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Supplementary Table 3 | Datasets used in this study and their description.

Datasets Spatial extent Spatlall Temporal Refer
resolution resolution ences
Datasets used for spatial deforestation attribution
Global forest change-v1.10:  Global 30m 2001-2022 6
Tree cover (2000) and tree
cover loss (2001-2022)
Global plantation dataset* Argentina, Australia, Brazil, Cambodia, 30 m 1982-2020 a
(*Based on the spatial Cameroon, Chile, China, Colombia,
database of planted trees’)  Costa Rica, Democratic Republic of the
Congo, Ecuador, European countries,
Gabon, Ghana, Guatemala, Honduras,
India, Indonesia, Céte d'lvoire, Japan,
Kenya, Liberia, Malawi, Malaysia,
Mexico, Myanmar, Nepal, New
Zealand, Nicaragua, Nigeria, Pakistan,
Panama, Papua New Guinea, Peru,
Philippines, Rwanda, Solomon Islands,
South Africa, South Korea, Sri Lanka,
Thailand, Uruguay, United States,
Venezuela, Vietham
MapBiomas Collection Brazil, Colombia, Venezuela, 30m 1985-2021 (for South 8
Suriname, Guyana, French Guiana, America, the data starts from
Ecuador, Peru, Bolivia, Paraguay, 1985, but for Indonesia, the
Uruguay, Argentina, Indonesia data is available from 2000-
2019)
Croplands Global 30m Aggregated temporally at &
every 4-year intervals
between 2000-2019
Sugarcane Brazil 30m Aggregated temporally using 10
data for year 2016-2019
Soya beans South America 30m 2001-2022 e
Rice Northeast and Southeast Asia 10m Aggregated temporally using 12
the data for year 2017-2019
Rapeseed Argentina, Europe, United States and 10m Aggregated temporally using =
Canada data for year 2017-2019
Maize (corn) China 30m 2001-2020 14
Cocoa Cote d’lvoire and Ghana 10 m Aggregated temporally using B
data for year 2018-2021
Coconut Pan-tropical 20m 2020 16
Oil palm fruit Indonesia Vector 2000-2019 &
Malaysia and Indonesia® 100 m 2001-2018 18
(*Indonesia data not used)
Pan-tropical 10 m 2019 B
Rubber Southeast Asia and China 10 m Aggregated temporally using 20
data for year 2020-2022
Forest loss due to fire Global 30m 2001-2022 2
Forest management Global 100 m Aggregated temporally using 2
data for year 2014-2016
Dominant drivers of forest Global 10 km Aggregated temporally using &
loss data for year 2001-2022
Datasets used for statistical deforestation attribution
FAOSTAT-Land use Global Aggregated  1961-2021 22
at national
level
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FAOSTAT-Production Global Aggregated  1961-2021 2
at national
level
Forest Resource Global Aggregated 1990, 2000, 2010, &
Assessment (FAO-FRA) at national 2015, 2016, 2017,
level 2018, 2019, 2020
Brazilian Institute of Brazil Aggregated  1974-2022 2
Geography and Statistics at
(IBGE) municipality
level
Crop and grass loss Global 300 m 1992-2020 £
Datasets used for estimating carbon emissions
Aboveground biomass® Global 30m 2000 &
(*Used to estimate
belowground biomass?®,
deadwood and litter carbon
stocks?®)
Soil organic carbon stocks Global 250 m Aggregated temporally using 30
datasets from several years
Peatland extent® Global 30m £l
(°Globally aggregated
peatland extent is based on
refs.31-3)
Ecoregions Global Vector 37
Precipitation Global 5 km 1981-2022 =2
Elevation Global 90 m 39
Other datasets
Database of Global Global Vector 40

Administrative Areas-v4.1
(GADM)
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Supplementary Table 4 | Scoring individual datasets for attribution and quality assessment. The criteria for
the scoring methodology are detailed in Supplementary Table 10. Commodities are attributed in descending
order of their scores, starting with the highest-scored commodity and proceeding to the lowest.

Dataset Space Time Explicitness Score Special remarks
Oil palm fruit 1.00 1.00 1.00 1.00 Reduce the score by 0.05 for every year
(Indonesia) after 2019
Maize 0.90 1.00 1.00 0.97
(China)
Soya beans 0.80 1.00 1.00 0.93
(South America)
Sugarcane 0.90 0.70 1.00 0.87
(Brazil)
Oil palm fruit 0.65 0.90 1.00 0.85 Reduce the score by 0.05 for every year
(Malaysia) after 2018
Cocoa 0.95 0.60 1.00 0.85
(Céte d’lvoire and
Ghana)
MapBiomas 0.80 1.00 0.70 0.83 Includes only explicitly defined
collection commodities
(Commaodities)
Rice 0.90 0.60 1.00 0.83
(Asia)
Rapeseed 0.85 0.60 1.00 0.82
(North America,
Canada, Europe
and Chile)
Rubber 0.90 0.50 1.00 0.80
(Asia)
Oil palm fruit 0.75 0.40 1.00 0.72
(Pan-tropical)
Coconut 0.70 0.40 1.00 0.70
(Pan-tropical)
Global plantation 0.65 0.80 0.65 0.70
dataset
MapBiomas 0.80 1.00 0.30 0.70 Includes all land-use classifications
collection excluding commodities
(Land use)
Croplands 0.65 0.80 0.50 0.65
Forest loss due to 0.65 1.00 0.10 0.58 Dataset not used for attribution, but for
fire screening forest loss due to fire
Global forest 0.65 0.85 0.10 0.53
change
(Forest loss)
Dominant forest 0.10 0.85 0.40 0.45
loss drivers
Subnational stats 1.00 1.00 1.00 - We do not penalise this dataset when
flagging (Eq. 19)
FAOSTAT national 0.50 1.00 1.00 - Besides penalising the dataset based on
stats flags (Eqg. 15; Supplementary Table 10),

we further reduce the FAOSTAT dataset
score by ‘-0.50/3’ for both land use and
production statistics individually.
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Supplementary Table 5 | Pre-processing and attribution assumptions for the spatial datasets.

Datasets

Pre-processing and attribution assumptions

Global forest change
Global plantation
dataset

MapBiomas Collection

Croplands

Sugarcane
Soya beans

Rice

Rapeseed

Maize (corn)

Cocoa

Coconut

Oil palm fruit (Indonesia)

Forest loss is only considered for pixels with tree cover > 25%

Only considered as forest plantation-driven deforestation if the start year of the dataset
> 2000. ‘Start year’ defines the year when the first plantation was established based on
the temporal extent of remote sensing datasets

Forest loss pixels classified with start year < 2000 are considered under rotational
clearing

Attribution: For this dataset, deforestation attribution is not temporally restricted
Forest loss is attributed to MapBiomas when a commodity-driven land use occurs within
a four-year window from the year of forest loss

In case of multiple land use changes occurring within this four-year window, forest
plantations will be prioritised over perennial crops, and perennial crops prioritised over
pastures, followed by temporary crops

If MapBiomas(t) land use is the same as MapBiomas(2000), we consider forest loss as
‘historical/rotational clearing’

Attribution: For this dataset, deforestation attribution is temporally restricted to 2021;
except for Indonesia, it is temporally restricted to 2019

Forest loss recorded from 2001 to 2003 is attributed to cropland only if cropland extent
is defined for the period of 2000-2003

Forest loss recorded from 2001 to 2007 is attributed to cropland defined for the period
of 2004-2007. The delay between forest loss and cropland extent is given to
accommodate for forest loss and establishment of cropland

Forest loss recorded from 2005 to 2011 is attributed to cropland defined for the period
of 2008-2011

Forest loss recorded from 2008 to 2015 is attributed to cropland defined for the period
of 2012-2015

Forest loss recorded from 2012 to 2019 is attributed to cropland defined for the period
of 2016-2019

Attribution: For this dataset, deforestation attribution (following above) is temporally
restricted to 2019

Attribution: For this dataset, deforestation attribution is temporally restricted to 2019
Forest loss is attributed to Soya beans when a Soya bean land use occurs within a four-
year window from the year of forest loss

Attribution: For this dataset, deforestation attribution is temporally restricted to 2022
Resolution of the dataset is downscaled to 30 m (same resolution as Global forest
change), determined by the majority of pixels within the designated reducer window
Attribution: For this dataset, deforestation attribution takes place to 2019

Resolution of the dataset is downscaled to 30 m (same resolution as Global forest
change), determined by the majority of pixels within the designated reducer window
Attribution: For this dataset, deforestation attribution is temporally restricted to 2019
Forest loss is attributed to Maize when a Maize land use occurs within a four-year
window from the year of forest loss

Attribution: For this dataset, deforestation attribution is temporally restricted to 2020
Resolution of the dataset is downscaled to 30 m (same resolution as Global forest
change), determined by the majority of pixels within the designated reducer window
Pixels of forest loss classified as Cocoa and overlapping with plantation mask are
considered under ‘rotational clearing’

Attribution: For this dataset, deforestation attribution is temporally restricted to 2021
Resolution of the dataset is downscaled to 30 m (same resolution as Global forest
change), determined by the majority of pixels within the designated reducer window
Pixels of forest loss classified as Coconut and overlapping with plantation mask are
considered under ‘rotational clearing’

Attribution: For this dataset, deforestation attribution is temporally restricted to 2020
Forest loss occurring in the regions (i.e., delineated within a boundary) of Oil palm
plantations for the year 2000 are classified as ‘rotational clearing’, and these pixels are
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Oil palm fruit (Malaysia)

Oil palm fruit (Global)

Rubber

Forest loss due to fire

Forest management

Dominant drivers of
forest loss

excluded from commodity-driven deforestation

Attribution: This dataset is not temporally restricted, thus assuming that if a forest loss
occurs in a pixel post-2019 (data’s temporal extent), we consider it as forest loss due to
Qil palm for that year

Forest loss is attributed to Qil palm when an Qil palm land use occurs within a four-year
window from the year of forest loss

Pixels of forest loss classified as Oil palm and overlapping with plantation mask are
considered under ‘rotational clearing’

Attribution: This dataset is not temporally restricted, thus assuming that if a forest loss
occurs in a pixel post-2018 (data’s temporal extent), we consider it as forest loss due to
Qil palm for that year

Resolution of the dataset is downscaled to 30 m (same resolution as Global forest
change), determined by the majority of pixels within the designated reducer window
Pixels of forest loss classified as Oil palm and overlapping with plantation mask are
considered under ‘rotational clearing’

Attribution: For this dataset, deforestation attribution is temporally restricted to 2019
Resolution of the dataset is downscaled to 30 m (same resolution as Global forest
change), determined by the majority of pixels within the designated reducer window
Pixels of forest loss classified as Rubber and overlapping with plantation mask are
considered under ‘rotational clearing’

Attribution: For this dataset, deforestation attribution is temporally restricted to 2022
Forest loss pixels classified under ‘1. Forest loss due to other (non-fire) drivers’ are open
for attribution by other datasets

Forest loss pixels classified under ‘2. Low certainty of forest loss due to fire’ are open for
attribution by other datasets

Forest loss pixels classified under ‘3. Medium’ and ‘4. High’ certainty are excluded from
commodity-driven deforestation

Forest loss pixels classified under ‘5. Forest loss due to fire in Africa’ are excluded from
commodity-driven deforestation

Forest loss is considered ‘rotational clearing’ if the pixel falls under “20. Naturally
regenerating forest with signs of management, e.g., logging, clear cuts etc’, ‘31: Planted
forests (rotation >15 years)’, ‘32: Plantation forests (rotation <15 years)’, ‘40: Qil palm
plantations’ and ‘53: Agroforestry’

The above only applies to the spatial extent of countries covered in Supplementary Table
3 for ‘Forest management’

Forest loss pixels classified under ‘Commodity-driven deforestation’ and ‘Shifting
agriculture’ are considered under agricultural-driven deforestation

Forest loss pixels classified under ‘Forestry’ are considered under forestry-induced
deforestation

Forest loss pixels classified under ‘Wildfire’ and ‘Urbanisation’ are excluded from
commodity-driven deforestation

Pixels of forest loss classified by this dataset and overlapping with plantation mask are
considered under ‘rotational clearing’
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Supplementary Table 6 | AGB-to-BGB conversion ratio for different biomes. These ratios are adapted from

ref. 28,
Ecoregion group Ecoregion Lower AGB Upper AGB BGB/AGB
(Mg ha) (Mg ha) Ratio
Tropical Tropical & Subtropical Moist Broadleaf Forests - - 0.456
Tropical Tropical & Subtropical Dry Broadleaf Forests 0 20 0.563
Tropical Tropical & Subtropical Dry Broadleaf Forests 20 - 0.275
Tropical Tropical & Subtropical Coniferous Forests - - 0.322
Tropical Tropical & Subtropical Grasslands, Savannas & Shrublands - - 1.887
Tropical Flooded Grasslands & Savannas - - 1.098
Tropical Mediterranean Forests, Woodlands & Scrub - - 0.322
Tropical Deserts & Xeric Shrublands - - 1.063
Tropical Mangroves - - 1.098
Temperate Temperate Broadleaf & Mixed Forests 0 75 0.456
Temperate Temperate Broadleaf & Mixed Forests 75 150 0.226
Temperate Temperate Broadleaf & Mixed Forests 150 - 0.241
Temperate Temperate Conifer Forests 0 50 0.403
Temperate Temperate Conifer Forests 50 150 0.292
Temperate Temperate Conifer Forests 150 - 0.201
Temperate Temperate Grasslands, Savannas & Shrublands - - 4.224
Temperate Montane Grasslands & Shrublands - - 1.887
Boreal Boreal Forests/Taiga 0 75 0.392
Boreal Boreal Forests/Taiga 75 - 0.239
Boreal Tundra - - 4.804

Supplementary Table 7 | Loss of soil organic carbon (SOC) across different land use and biomes. The values
represent the % loss of actual SOC. Note that for depths 30-100 cm, the data is scarce. Thus, we use the O-
100 cm data to estimate SOC loss for 30-100 cm depth. We do this by assuming that SOC losso.100 cm = SOC
|OSS().30 «m + SOC |OSS3o.1oo cm-

Land use replacing forest (values in %)

Ecoregion
Depth group Cropland Pasture Plantation References

0-30cm Global 26.6 18 13 R

0-30cm Tropical 29 4 22 43-45

0-30cm Temperate 31.4 4.15 15 42,4647

0-30cm Boreal 21 18" 13" a8
30-100 cm Global 13.8* 9.7% 23# A
30-100 cm Tropical 15 2 7 45
30-100 cm Temperate 25 6.925* 19* 46
30-100 cm Boreal 17.4* 13.85* 18*

"Imputed using global average estimates
#Values available for depths of 0-100 cm
*Calculated using the average of global and respective ecoregions 0-30m estimates; consider these values for 0-100 cm
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Supplementary Table 8 | Plant carbon stocks of replacing commodities and commodity groups across

different biomes.

(Values in MgC ha)

Crop or Commodity group Tropical | Temperate | Boreal References
Cereals 4.44 3.15 50,51
Maize (corn) 6.3 e
Rice 4.5 50
Wheat 2.3 =
Barley 5.5 52
Sorghum 4.12 e
Millet 3.13 53
Edible roots and tubers with high starch or inulin 3 =
content
Cassava 4.5 54
Potatoes 0.5 =
Fibre crops 3.71 50
Natural rubber in primary forms 79.05 &2
Jute, raw or retted 3.9 50
Seed cotton, unginned 43 =0
Forest plantation 120.23 130.99 96.07 57
Fruit and nuts 31.96 39.53 S
Apples 26.48 60
Bananas 6.2 &
Cashew nuts, in shell 37.6 62
Grapes 12.3 &
Mangoes 84.75 64
Oranges 7.69 &
Other citrus fruit, n.e.c. 20.65 | 23.73 61
Plantains and cooking bananas 6.2 L
Oilseeds and oleaginous fruits 31.96 | 39.53 °8,59
Oil palm fruit 52.28 =
Soya beans 3 50
Sunflower seed 1.1 =
Groundnuts, excluding shelled 1.1 50
Olives 53 ce
Coconuts, in shell 57.38 65.93 61
Pasture 6.8 =
Pulses (dried leguminous vegetables) 1.56 50
Beans, dry 2.39 =
Chick peas, dry 1.28 53
Cow peas, dry 1.82 =X
Pigeon peas, dry 3 53
Lentils, dry 1.25 =3
Peas, dry 0.9 50
Stimulant, spice and aromatic crops 31.96 39.53 S
Coffee, green 77.12 67
Cocoa beans 34.55 &
Tea leaves 21.06 &
Sugar crops 10.17 Average of
commodities in
the group
Sugar beet 8.32 55
Sugar cane 12.02 w
Vegetables 0.43 7
Cabbages 1.65 e
Lettuce and chicory 1.15 72
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Tomatoes 3.48 2
Cauliflowers and broccoli 4.05 72

Supplementary Table 9 | Emission factor used to estimate carbon emissions from deforestation on
peatlands.
(values in MgCO; ha yr?)

Land use replacing forest Tropical | Temperate Boreal References
Cropland 45 28.6 27.9 3
Pasture 37.4 17.95 20.2 74
Plantation 40.34 2.5 6.42 7
Oil palm fruit 54.41 ge
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Supplementary Table 10 | Criteria’s for scoring different aspects of spatial datasets.

Aspect Criteria Penalisation
Space Perfect score is given when the pixel size is < 10m and is explicitly mapped for a 0
(representing country
both resolution | Resolution of 20 m -0.05
and area of Resolution of 30 m -0.1
focus) Resolution of 100 m -0.3
Resolution of 1 km -0.5
Resolution of 10 km -0.75
Mapped for two countries -0.05
Mapped for more than two countries or a continent -0.1
Multiple continents -0.15
Mapped globally -0.25
Time Perfect score is given when the dataset is available from 2001-2022 for 0
(representing herbaceous crops, and at least the year 2000- or prior-onwards for woody
temporal vegetation crops (i.e., tree crops) and forest plantations (allowing for
resolution and differentiation between post-2000's deforestation from the rotational clearing
standalone of managed plantations)
ability of the For tree crops and forest plantations, deforestation is not differentiable from Using Du et al: -0.1
data to rotational clearing (need to be complimented with plantation mask to extract Using Lesiv et al: -0.2

differentiate pre-
and post-2000's

this information)
After the latest detection year (in cases allowed)

-0.05 each year

deforestation) Temporally-aggregated detection based on a single year of remote sensing -0.3
dataset
Temporally-aggregated detection based on 2-3 years of remote sensing dataset -0.2
Temporally-aggregated detection based on 4-6 years of remote sensing dataset -0.1
Temporally-aggregated detection based on >6 years of remote sensing dataset 0
Temporally-explicit detection every 2-3 years between 2001-2022 -0.1
Temporally-explicit detection every 4-6 years between 2001-2022 -0.2
Starting year of detection is 1-5 years away from 2001 (i.e., the first year of -0.05
analysed deforestation)
Starting year of detection is 6-10 years away from 2001 -0.1
Starting year of detection is 11-15 years away from 2001 -0.15
Starting year of detection is >15 years away from 2001 -0.2
Explicitness Perfect score is given to datasets that maps a single commodity, where model 0
(representation | training is performed using field samples
of the When training is primarily based on remote sensing trends, without using field -0.5
deforestation samples (including visual interpretations)
driver and When multiple commodities or land uses are predicted by the same model -0.1
consideration using the same field samples
given to training | Dataset maps two or more than two commodities (differentiable) -0.2
algorithm of the | Dataset maps a single land use -0.3
data) Dataset maps two or more than two different land uses (differentiable) -0.4
Dataset maps two or more than two different land uses (indifferentiable, i.e., -0.6
mosaics)
Information about forest loss drivers is unavailable -0.9
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Supplementary Table 11 | The FAO flags, their description and associated penalisation. A detailed
description of FAO flags is documented in ref.”’.

Flag Description Penalisation

A Official figure: Value provided as official when the source agency assigns sufficient confidence 0
that it is not expected to be dramatically revised

B Time series break: Observations are characterised as such when different content exists or a -0.10
different methodology has been applied to this observation as compared with the preceding
one

E Estimated value: Observation obtained through an estimation methodology or based on the -0.20
use of a limited amount of data

| Imputed value: Observation imputed by a receiving agency to replace or fill gaps in reported -0.30
data series

P Provisional value: An observation is characterised as "provisional" when the source agency — -0.40
while it bases its calculations on its standard production methodology — considers that the
data, almost certainly, are expected to be revised

T Unofficial figure: Observations are "temporary" or "tentative", indicating that the figure -0.40
should be used with caution and may be subject to revision or replacement with official
statistics once they become available.

X Figure from international organisations: Observation from an international or a supranational -0.50
organisation that does not use any flagging system in data sharing

M Missing value: Used to denote empty cells resulting from the impossibility to collect a -0.70
statistical value

z Authors gap filling: Gap filled by authors of this study (not part of FAO flags) -0.70
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